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Abstract

Historically, SSD or correlation-based visual tracking
algorithms have been sensitive to changes in illumina-
tion and shading across the target region. This pa-
per describes methods for implementing SSD tracking
that is both insensitive to illumination variations and
computationally efficient. We first describe a vector-
space formulation of the tracking problem, showing
how to recover geometric deformations. We then show
that the same vector space formulation can be used
to account for changes in illumination. We com-
bine geometry and illumination into an algorithm that
tracks large image regions on live video sequences using
no more computation than would be required to track
with no accommodation for tllumination changes. We
present experimental results which compare the perfor-
mance of SSD tracking with and without illumination
compensation.

1 Introduction

Visual feature tracking has emerged as an important
component of systems using vision as feedback for con-
tinuous control, surveillance, or visual reconstruction
[1, 6, 8,11, 13, 19]. The central issue in visual feature
tracking is the temporal correspondence problem: the
problem of matching regions of images taken at two
closely-spaced time instants. A popular means for es-
tablishing temporal correspondence on unstructured
images is to choose that which minimizes the sum
of squared differences of image intensities, often re-
ferred to as SSD matching. SSD-based methods have
been employed in a variety of contexts including stereo
matching [12], optical flow computation {2], hand-eye
coordination [13], and visual motion analysis [16].

In general, any tracking algorithm that operates in
the “real world” has to deal with three major compli-
cations: local geometric distortions of the target, light-
ing changes and other photometric effects, and occlu-
sion. SSD-based tracking methods tend to concentrate
on handling geometry—in fact most implementations
of SSD tracking only solve for a rigid translation of
the target region. For inter-frame calculations such
as those required for motion analysis, this is typically
adequate, but generally not for applications where the
correspondence for a finite size image patch over a long
time span is needed. As noted by Shi and Tomasi [16],
in such cases rotation, scaling, shear and other image

1063-6919/96 $5.00 © 1996 IEEE

403

Peter N. Belhumeur
Dept. of Electrical Engineering

Yale University
New Haven, CT 06520-8267

distortions often have a significant effect on feature
appearance and must be accounted for to achieve re-
liable matching. For example, Black and Yacoob [5]
describe an algorithm for computing structured opti-
cal flow for recognizing facial expressions using mo-
tion models that include affine deformations and sim-
ple polynomial distortions. Rehg and Witkin [14] de-
scribe a similar algorithm for tracking arbitrarily de-
forming objects. In both cases, the algorithms track
by integrating inter-frame changes, a procedure that
is prone to cumulative error. More recent work con-
siders tracking while the target undergoes changes of
view by using a subspace of images and an iterative
robust regression algorithm [4].

All of the SSD methods cited above assume that the
changes in the target region are entirely due to geom-
etry. Hence, changes in shading and illumination can
easily influence the solutions for translation or object
geometry, leading to estimation bias and, eventually,
mistracking. Solutions to illumination problems have
been largely confined to simple accommodations for
brightness and contrast changes. In this paper, we
address the problem of tracking objects under both
geometric and illumination changes. In particular, we
show how general illumination models can be incorpo-
rated into SSD motion estimation with no extra online
computational cost. We also exhibit a closed-loop for-
mulation for the tracking problem and describe meth-
ods for accelerating the SSD computation so that it
operates at or near frame rate.

2 The Method

Methods for implementing SSD matching are well-
known and can be found in a variety of publications,
e.g. [12, 2, 16, 18]. In this section, we first review
the SSD method for estimating image translation, de-
scribe a generalization to arbitrary motion fields, and
then introduce methods for handling changes in illu-
mination.

2.1 Geometry

To begin we define our notation. Let I(x,t) be the
image at time t. Let I(x,0) be the reference image.
Let x = (z,y)T denote a point in an image. Let the set
R be a grid of points in the reference image; we refer
to R as the target region in the reference image. Let
the ce:nteeroint of the target region have coordinates

x = (0,0)".



If the target region only translates within the im-
age, then for any time interval 7, there exists a u =
(u,v)T such that I(x,0) = I(x +u,7) for all x € R.
Hence, the displacement of the target region can be
determined by minimizing

O(u) = Z (I(x +u, ) - I(x,0))%

XER

(1)

Given that 7 is small, a well-established method
for solving for the optimum w is to linearize I(x, ) by
expanding it in a Taylor series as follows

I(x+u,7)=I(x,0) + Lu+ v+ LT+ hot. (2)

where I, = 9I(x,0)/0xz, I, = 0I(x,0)/0y, I, =
0I(x,0)/0t, and h.o.t. denotes the higher-order terms.
Note that discrete approximations to I, and I, are
computed from the reference image alone, while a dis-
crete approximation to I; is computed from both the
reference image and the current image I(x, 7).

Substituting into (1) and ignoring the higher-order
terms, we get

O() =Y (Lu+ILyv+ L),
XER

(3)

Because (3) is quadratic function of  and v, we can
find their optimum values by solving the pair of equa-
tions VO(u) = 0 to get
-1
}. (4)

(2[4 % ))s

SSD-based tracking algorithms repeatedly solve this
linear system and then integrate the computed values
of u to provide an estimate of the location of the target
region.

It is interesting to consider what the solution to
this system represents. The right-most vector in (4)
has two components: the first given by the cross cor-
relation of I, with I; and the second given by the cross
correlation of I, with I;. To get the translation vector
u we simply apply to the right-most vector a change
of coordinates which depends only on the reference
image, not on the current image I(x,7). Thus, we
can think of I, and I, as “motion templates” which,
through a cross correlation process with I;, are used
determine the translational motion.

The same observation applies to other types of mo-
tion. For example, suppose the target region under-
goes a rotation in the image plane about its center
point. We can compute this rotation by minimizing

O(8) = > (I(R(6)x,7) = I(x,0)) (5)

XER

L1,
2
Iy

[z-It
L1

where R() is a 2 x 2 rotation matrix. As we did in
(2), we can write down the Taylor series expansion of
the current image I(R(6)x, 7) as follows

I(R(0)x,7) = I(x,0) + [0 + I, + h.ot. (6)

where Iy = —I;y + Iyx. If the rotation is small, we
can ignore the higher-order terms and substitute this
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Figure 1: The motion template images for various mo-
tions of a black square on a white background.

back into (5) to get

0)= Y (Is6+ L) (7

XeR
We can find the optimum 6 from the equation %—l =
0 to get
Iy,
g = rixenlol (8)
Yoxer I3

It is again interesting to reflect on what the solu-
tion represents. The rotation 6 is the cross correlation
of Iy with I;, normalized by a number which again de-
pends only on the reference image, not on the current
image. We can think of Iy as a “motion template”
created by the dot product of VI = (I, I,)T with the

motion field %ﬂx. As before this motion template
Iy, through a cross correlation process with I;, 1s used
determine the motion.

More generally, if we have a motion f(x, p) param-
eterized by p = (p1, 2, ..., )T, with £(x,0) = x,
we can compute the motion vector g by minimizing

O(p) = > (If(x, 1), 7) = I(x,0))%.  (9)
XeR

We can simplify the form of the solution by defining
the vectors I(p, 7), Iy, and Iy as follows

I(£(x:. 1), 7)
7y = | [EC00h7)

I(£(xn, 1), 7)

?“gxl,og rItExl,Og

((x2,0 1 (x5,0

Iu,=| : I = z; (10)
I, (xn,0) 7Ii{(xn,0)

where x; € R. Note that each of the Iy, which we
again call a “motion template,” is determined from
the reference image only. Figure 1 shows motion tem-
plates for various image motions for an image of a
black square on a white background. Finally, let us
also define the matrix

Writing the current image in a Taylor series expan-
sion, we get

I(p,7) =1(0,0) + Mp+ Iy7 + hoot.  (12)



Solving (9) yields
b= —(MTM)F MT T, (13)

provided, of course, that the matrix MTM is invert-
ible. When the matrix MT M is not invertible, then we
are faced with a generalization of the aperture prob-
lem, i.e. the motion g can not be determined uniquely.

2.2 TIllumination
The systems described above are inherently sensitive
to changes in illumination. An illumination change in
one part of the image produces temporal changes that
would be interpreted by the machinery of the previous
section as motion. This is not surprising, as we are
effectively computing a structured optical flow, and
optical flow methods are well-known to be sensitive to
illumination changes [10]. Thus, shadowing or shading
changes across the target object over time lead to bias,
or, in the worst case, complete loss of the target.
Recently, it has been shown that often a relatively
small number of “basis” images can be used to account
for large changes in illumination [15, 9]. Briefly, the
reason for this is as follows. Consider a point p on a
Lambertian surface and a collimated light source char-
acterized by a vector s € IR?, such that the direction
of s gives the direction of the light rays and ||s|| gives
the intensity of the light source. The irradiance at the
point p is given by

E=an-s

(14)

where n is the unit inwards normal vector to the sur-
face at p and a the non-negative absorption coefficient
(albedo) of the surface at the point p [10]. This shows
that the irradiance at the point p, and hence the gray
level seen by a camera, is linear on s € IR?.

Therefore, in the absence of self-shadowing, given
three images of a Lambertian surface from the same
viewpoint taken under three known, linearly inde-
pendent light source directions, the albedo and sur-
face normal can be recovered; this is the well-known
method of photometric stereo [20, 17]. Alternatively,
one can reconstruct the image of the surface under a
novel lighting direction by a linear combination of the
three original images [15]. In other words, if the sur-
face is purely Lambertian and there is no shadowing,
then all images under varying illumination lie within
a 3-D linear subspace of IR™, the space of all possi-
ble images (where N is the number of pixels in the
images).

A complication comes when handling shadowing:
all images are no longer guaranteed to lie in a linear
subspace [3]. Nevertheless, as done in [9], we can still
use a linear model as an approximation. Naturally,
we need more than three images and a higher than
three dimensional linear subspace if we hope to pro-
vide good approximation to these effects. However, a
small set of basis images can account for much of the
shading changes that occur on patches of non-specular
surfaces.

Returning to the problem of SSD tracking, sup-
pose now that we have a basis of image vectors
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Bi,B,,...,B,, where the ith element of each of the
basis vectors corresponds to the image location x; €
R. Let us choose the first basis vector to be the tar-
get region in the reference image, i.e. B; = I{0,0).
To model brightness changes, let us choose the sec-
ond basis vector to be a column of ones, i.e. By =
(1,1,...,1)T. Let us choose the remaining basis vec-
tors by performing SVD (singular value decomposi-
tion) on a set of training images of the target, taken
under varying illumination. We denote the collection
of basis vectors by the matrix B = [B;|B3]...|B,].
Finally, let us renormalize this matrix so that each of
its columns are orthonormal.

If 1(0,0) and I(0,7) are registered geometrically,
the remaining difference between them is due to illu-
mination. Thus, the illumination of the target region
in the current image I(0,7) can be approximated by
the target region in the reference image plus a linear
comination of the basis vectors B, i.e.

1(0,7) ~ I(0,0) + BA (15)

where the vector A = (A1, As,...,Am)T. Note that
because the target region in the reference image and
an image of ones are included in the basis B, we im-
plicitly handle both variation due to contrast changes
and variation due to brightness changes. The remain-
ing basis vectors are used to handle subtler variation
— variation that depends both on the geometry of the
target object and on the nature of the light sources.

2.3 Combining Geometry and Illumina-
tion

Given the results established in the previous two sec-

tions, it is clear that illumination and geometry can

be recovered in one global optimization step solved via

linear methods. Our optimality criterion becomes

O(u, ) = Y (I(f(x, 1), 7) + BA — I(x,0))*. (16)
XeR

We now approximate the current image I(u, 7) as
I(p,7) ~I(0,0) + BA + Mpu. (17)
Solving VO(g, A) = 0, yields
|

MM MTB M7
{l)f] [BTM B”B BT ’It' (18)

In general, we are only interested in the motion pa-
rameters. Reworking (18) we get

p=-MT@1-BBT)M)"!MT(1-BB”)I;. (19)

If the columns of B are not orthonormal, then a similar
but slightly longer expression for p results.

The above set of equations only involves the mo-
tion parameters . The dimension of the product of
matrices multiplying It depends only on the number of
motion fields to be computed. Hence, we have shown
how to compute image motion while accounting for
variations in illumination using no more online com-
putation than would be required to compule pure mo-
tion.



2.4 Producing a Tracking System

The goal of visual tracking is to maintain a “constant
fix” on a given target region. In our case, we define
“constant fix” to mean, that at any time ¢ > 0 we have

computed a globally optimal set of motion parameters
p(t) such that

u(t) = argmin » _ (I(f(x, p),t) + BA — I(x,0))*.
XeR
(20)
The framework of the previous two sections suggests
how to do this via local linearization by solving

pt+7)=p(t) +op

where 6 1s chosen as that which minimizes

O(6p, \)=>_ (I(£(x, pu + 6p), t+7)+BA~I(x,0))?
XER

(21)

(22)

at each time step.

Returning to vector notation, let us assume that
I(p(t),t) = 1(0,0), i.e. that the solution at time ¢ is
absolutely correct. If we let M(t) denote the motion
templates computed by linearization about p(t), then
by substituting (19) into (21), we arrive at a discrete
time closed-loop system of the form

p(t+7) = p(t) + AL (1) (23)
where
Ii(t) = I(p(t),t + 7) — 1(0,0)
and where
Aty =—M(@)"(1-BB")M(@))"'M(t)' (1 - BBT).

It is interesting to note that the result is in the
form of a proportional feedback system. Ii(¢) is an
error term which drives the system. The values in p
form the state vector of the system and parameterize
the change of coordinates f used to rectify the cur-
rent image. This change of coordinates is typically im-
plemented using image warping—hence, the the plant
to be controlled is a computational warping opera-
tor. Given some knowledge of plant dynamics (i.e.
the motion of the patch), more sophisticated feedback
system using PID methods or more sophisticated op-
timal control methods could be used. In particular, a
smoother/predictor such as a Kalman filter could be
used to add feedforward to the system based on prior
knowledge of target dynamics.

This general solution to the tracking problem is
slow to execute as it requires explicit linearization of
the system at every time point, which in turn involves
calculation of the motion templates and solving a large
linear system at each step. This can be simplified if
M(t) is constant. In particular, suppose that f is lin-
ear in p. Then the Jacobian of £ does not involve p,
the motion templates are constant, and A(t) is con-
stant and can be computed offline. Examples include
affine transformations and polynomials in x. It is also
possible to show that a similar result holds for rigid
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body transformations such as rotations, even though
they are not linear in their parameters.

To summarize an efficient tracking algorithm for de-
formations that are linear in their parameters consists
of the following steps: offline, acquire images to com-
pute an illumination basis, acquire the target region
in the reference image, compute the motion templates,
and compute A; online, use the current motion pa-
rameter estimates to acquire and warp the target re-
gion in the current image, compute the difference be-
tween the warped target region and the target region
in the reference image, and finally multiply this value
by the solution matrix computed offline, adding the
result to the current parameter estimate.

3 Experimental Results

We have implemented the methods described above
within the X Vision environment [7]. The imple-
mented system accommodates affine distortions and
non-orthonormal illumination bases. Timings of the
system indicate that it can perform frame rate (30
Hz) tracking of image regions of up to 100 x 100 pix-
els at half resolution undergoing affine distortion on a
120Mhz Pentium processor or SGI Indy. Higher per-
formance is achieved for smaller regions, lower reso-
lutions, or fewer parameters. For example, tracking
the same region by computing just translation at one-
fourth resolution take 4 milliseconds.

In this section, we present experiments with the
system focusing on the effects of warping and illumi-
nation. All experiments in this section were performed
on live video sequences by an SGI Indy equipped with
a 175Mhz R4400 SC processor and VINO image ac-
quisition system!.

The target we track is a human face. We have found
that at normal viewing distances and viewing angles,
affine warping performs well at accounting for the ge-
ometry changes of a face, but at the same time the
face is non-planar, hence exhibits interesting illumi-
nation effects. To accommodate illumination changes
in a face, we use an illumination basis of five orthog-
onal image vectors. This basis was computed offline
by acquiring several images of the face under various
lighting conditions. A singular value decomposition
(SVD) was applied to the resulting image vectors and
the vectors with the maximum singular values were
chosen to be included in the basis. The basis is shown
in Figure 2.

Geometry To get a sense of the accuracy with
which geometric changes can be computed, we first
test the tracking algorithm in a sequence when there
are no large changes in the illumination of the tar-
get. In this test, we simultaneously executed an SSD
algorithm which incorporated an illumination basis,
and one which did not. Under these circumstances,
we would expect both algorithms to compute solu-
tions that are extremely close to one another unless

1Because of additional data collection overhead, the tracking
is actually much slower than the figures stated above.



Figure 2: The illumination basis for the face.

the illumination basis significantly affects the sensi-
tivity of the computation. Figure 3 shows excerpts
from the run, and also shows the residuals of the lin-
earized SSD computation at each time step. The black
frames denote the region selected as the best match
by the algorithm using no illumination basis, and the
white frames correspond to the best match computed
by the algorithm incorporated illumination. As is ap-
parent from the figures, the residuals and computed
state variables of both algorithms are extremely sim-
ilar for the entire run — so close that in many cases
one frame is obscured by the other.

The middle row of images shows the region con-
tained within the frame after warping by the estimated
motion parameters. If the parameters were 1deal, each
image would be identical. Despite the fact that the
face is non-planar, resulting for example in a stretch-
ing of the nose as the face is turned, the warping is
quite effective.

Illumination Because it deviates from a planar sur-
face, a face can exhibit strong shading and illumina-
tion effects. However, a small number of basis images
of a face gathered under different illuminations is suf-
ficient to accurately account for most gross shading
and illumination effects [9]. In a second set of ex-
periments, we used a fixed geometry and varied the
llumination of the face. Figure 4 shows the effects of
illumination compensation for the illumination situa-
tions depicted in the first row. As with warping, if the
compensation were perfect, the images of the bottom
row would appear to be identical up to brightness and
contrast. In particular, note how the strong shading
effects of frames 70 through 150 have been “erased”
by the illumination basis.

Combining Illumination and Geometry Fi-
nally, we present a set of experiments illustrating the
interaction of geometry and illumination. In these
experiments, translation, scale and orientation were
computed, again using two algorithms—one which in-
corporated an illumination basis and one which did
not. As the algorithms were tracking, a light was pe-
riodically switched on and off. The results appear in
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Figure 5. In the residual graph, we see that the illu-
mination basis clearly “accounts” for the shading on
the face quite well, leading to a much lower fluctua-
tion of the residuals. The sequence of images shows
an excerpt near the middle of the sequence where the
algorithm which could not compensate for illumina-
tion completely lost the target for several frames, only
regaining it after the original lighting was restored.
Since the target was effectively motionless during this
period, this can be completely attributed to biases due
to illumination effects. Similar sequences with larger
target motions often cause the purely geometric algo-
rithm to loose the target completely.

4 Discussion

We have shown a straightforward solution to the prob-
lem of tracking regions undergoing geometric distor-
tion and changing illumination. The method is simple
and straightforward, and builds on an already popular
method for performing visual feature tracking.

We are actively continuing to evaluate the perfor-
mance of these methods, and to extend their theoreti-
cal underpinnings. One area that still needs attention
1s the question of determining an illumination basis.
In the work described above, we used a basis com-
puted offline. In order to make the method applicable
to on-line real-time applications, we need to either de-
velop the basis online; or develop a “generic” basis
that handles most dominant shading effects. As in [4],
we are also exploring is the use of using basis images
to handle changes of view or aspect not well addressed
by warping.

One problem that we did not address in this paper
is occlusion. In particular, the methods described here
can be quite sensitive to partial occlusion. For exam-
ple, a small light patch entering the image strongly
affects the image normalization steps and can lead
to poor tracking performance or mistracking. Recent
experiments using robust regression methods suggest
that these minor intrusions can be effectively detected
and ignored.
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Figure 3: Above, excerpts from a sequence of tracked images. The white frames represent the region tracked by
the SSD algorithm using an illumination basis, and black frames represent the regions tracked by an algorithm
which does not. In some cases the estimates are so close that only one box is visible. Middle row, the region

within the frame warped by the current motion estimate. Below, the residuals, in gray-scale units per pixel of
the algorithms as a function of time.
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Frame 110 Frame 120 Frame 150

Frame 20 Frame 0
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Figure 4: The first row of images shows excerpts of a tracking sequence. The second row is a magnified view of
the region in the white box, and the third row are the images of the second row after adjustment for illumination.
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Figure 5: Tracking with illumination changes. Above, an excerpt of the tracking sequence near the middle. Note
that the algorithm which does not use illumination (the black frames) completely looses the target until the
original lighting is restored. Below, the residuals, in scale units per pixel, of SSD tracking with and without an
illumination basis as a light is turned on and off.
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